In civil engineering, the stability of concrete is of great significance to safety of people's life and property, so it is necessary to detect concrete damage effectively. In this paper, we treat crack detection on concrete surface as a semantic segmentation task that distinguishes background from crack at the pixel level. Inspired by Fully Convolutional Networks (FCN), we propose a full convolution network based on dilated convolution for concrete crack detection, which consists of an encoder and a decoder. Specifically, we first used the residual network to extract the feature maps of the input image, designed the dilated convolutions with different dilation rates to extract the feature maps of different receptive fields, and fused the extracted features from multiple branches. Then, we exploited the stacked deconvolution to do up-sampling operator in the fused feature maps. Finally, we used the SoftMax function to classify the feature maps at the pixel level. In order to verify the validity of the model, we introduced the commonly used evaluation indicators of semantic segmentation: Pixel Accuracy (PA), Mean Pixel Accuracy (MPA), Mean Intersection over Union (MIoU), and Frequency Weighted Intersection over Union (FWIoU). The experimental results show that the proposed model converges faster and has better generalization performance on the test set by introducing dilated convolutions with different dilation rates and a multi-branch fusion strategy. Our model has a PA of 96.84%, MPA of 92.55%, MIoU of 86.05% and FWIoU of 94.22% on the test set, which is superior to other models.
Introduction
As a part of structures such as bridges, and dams, concrete plays an important role. The stability of concrete determines the safety of people's lives and property. Unfortunately, due to various factors such as climate and load, concrete is corroded rapidly, resulting in cracks, spalling, and other damages that endanger structures' safety. Therefore, it is necessary to inspect and maintain concrete-poured structures effectively. In the early maintenance strategy, field survey is the main way of inspection, which will consume a lot of manpower and material resources. In addition, the work itself is extremely dangerous, a little carelessness will cause casualties. Automatic concrete damage detection can intelligently report the damage degree of the structures, greatly reduce the expenditures of manpower and material resources, and provide more scientific evidence for the maintenance of the structures. Therefore, the automatic damage detection of concrete has gradually become a research hotspot.
Related Work
With the development of sensing technology, it is widely used in concrete damage detection. Ng et al. [14] used non-destructive electromagnetic (EM) device to detect cracks. More specifically, Ng et al. [14] used ground penetrating radar (GPR) with 2 GHz high frequency bipolar antenna to scan reinforced concrete beams to detect cracks. Taghavipour et al. [15] proposed a mounted Smart Aggregate (SA)-based approach for real-time health monitoring of existing reinforced concrete beams, which effectively assessed the cracking state of reinforced concrete beams according to the peak power spectral density and damage index obtained at multiple sensor locations. Voigt et al. [16] proposed a non-destructive detection method based on remote sensing technology to evaluate the data acquired by the Terrestrial Laser Scanner (TLS) to detect cracks and mass loss in concrete.
As computer vision has made remarkable achievements in various fields, such as object tracking [17] [18] [19] [20] , remote sensing image processing [21] , and style transfer [22] , more and more researchers focus on the research of concrete damage detection based on computer vision. The concrete damage detection methods based on computer vision is mainly divided into traditional image processing-based methods and deep convolutional neural network-based methods.
As for those methods based on traditional image processing, low-level visual features such as edge, shape and structure information are extracted, and then the features are used for detecting concrete damages [23] [24] [25] . Calderón et al. [23] developed a method for searching and measuring cracks in RGB images of concrete components. The algorithm uses a couple of digital image processing tools to detect crack width and direction. Generally, concrete images only contain damaged and non-damaged parts. Non-damaged parts are the major mode of the gray-scale histogram. Therefore Dinh et al. [24] detects concrete cracks by handling histogram threshold to extract regions of interest Appl. Sci. 2019, 9, 2686 3 of 20 from the images. Also using the gray information, Nhat-Duc [1] proposed a gray intensity adjustment method, which improved the detection results of cracks by adjusting gray intensity. In order to alleviate the influence of illumination and complex background, and reduce the situation of fracture detection results, Qu et al. [25] proposed an improved image crack detection algorithm based on the percolation model. Firstly, the skeleton extraction algorithm based on directional chain code was used to extract the crack skeleton, and then the part of the fractured cracks is reconnected by the region expansion-based algorithm. Liu et al. [2] proposed a crack detection framework based on multi-scale enhancement and visual features to improve the robustness of crack detection in complex background. Most of the traditional image processing-based methods focus on crack detection under non-complex conditions. However, the real concrete images have a lot of noise and complex background. Therefore, it is a challenging task for this kind of algorithm to separate the crack from the background.
Because of the great success of deep convolutional neural networks (DCNN) [26] [27] [28] [29] [30] [31] [32] [33] , more and more concrete damage detection algorithms based on DCNN have been proposed [34] . These algorithms can be summarized into three categories: image patch classification method, boundary box regression method and semantic segmentation method.
The Methods Based on Image Patch Classification
The main idea of this kind of algorithm is to build an image classifier with excellent performance, which can classify image patches well. Wang et al. [35] apply CNN to detect pavement cracks and use Principal Component Analysis (PCA) to analyze the skeleton of crack. Chen et al. [36] proposed a deep learning framework called NB-CNN based on CNN and Naïve Bayes data fusion scheme, which can analyze a single video frame and detect cracks. Cha et al. [37] construct a CNN architecture with 8 layers and use pictures taken under uncontrolled conditions to train. This classifier has high precision in both training set and verification set. Kim et al. [38] proposed an automatic detection technique for crack surface morphology of concrete surfaces based on CNN, which is evaluated by processing images taken in the field and real-time video frames taken by an unmanned aerial vehicle. Because of the automatic learning ability of CNN, Cha et al. [4] constructed a deep CNN architecture to detect concrete cracks. The proposed method combined with sliding window can detect cracks on images with pixel size greater than 256 × 256. Li et al [39] proposed a two-stage crack detection method based on convolution neural network. Specifically, the predictor of small receptive field is used in the first detection stage, and a larger receptive field predictor is used in the second stage to improve the detection result. This kind of algorithm divides the image into patches by sliding window, and then classifies the image patches. The position of the sliding window is taken as the position of the crack. These patches often contain a large amount of non-crack information, so for the whole image, the obtained crack position is relatively rough.
The Methods Based on Boundary Box Regression
This kind of algorithm uses CNN to regress the coordinates of the bounding box of cracks, generally regressing the coordinates of the center point, the height and the width of bounding boxes. Cha et al. [6] proposed a faster region-based convolution neural network (faster R-CNN)-based structural vision detection method, which provides a very fast test speed. Similarly, Cheng et al. [40] developed a faster algorithm based on faster R-CNN [29] for automated detection of sewer pipe defects. Xue et al. [41] proposed a FCN model for classification. More specifically, the algorithm exploits a FCN to extract features from images, and then utilizes a region proposal network and position-sensitive region of interest pooling to detect. The detection result of this kind of algorithm is the boundary box of the crack, which is often relatively large, resulting in a small proportion area of crack in the boundary box. 
The Methods Based on Semantic Segmentation
This kind of method classifies each pixel of the image, that is, whether a pixel is a crack or not. Liu et al. [42] proposed a U-Net based concrete crack detection method, which has high efficiency and robustness, and can identify crack locations under various conditions (such as illumination, complex background, and width of cracks), Zhang et al. [43] proposed an efficient CNN-based architecture called CrackNet for automatic pavement crack detection on 3D asphalt surfaces. The model fundamentally ensures the perfect accuracy of pixels by using newly developed constant image width and height technology for all layers. Dung et al. [44] proposed a crack detection method based on FCN, which uses a deep convolutional network named VGG [26] as an encoder. Yang et al. [45] used FCN to solve the problem that different cracks cannot be identified and measured simultaneously at pixel level. More specifically, FCN is used to semantically identify and segment pixels with different scales. The segmentation result is represented by a single pixel width skeleton to quantitatively measure the morphological characteristics of cracks and provide valuable crack indicators. This kind of algorithm classifies every pixel of the image and can detect the location of cracks more accurately.
According to the above mentioned, the crack positions obtained by image patch classification and bounding box regression methods are relatively rough. Compared with these algorithms, more accurate crack location information can be obtained by classifying pixels. Some work [46] has proved that FCN is an excellent deep learning framework. Compared with other deep learning algorithms, FCN is an end-to-end, pixel-to-pixel network, which is very efficient and suitable for semantic segmentation. Therefore, we design a concrete crack segmentation model based on FCN. Unlike the concrete crack semantic segmentation algorithm based on VGG, we utilize the Resnet-18 as the backbone network. On the one hand, the Resnet-18 has deeper network layer, which can theoretically extract features with more semantic information. On the other hand, the Resnet-18 has fewer parameters, reducing the overhead of computing resources. Down-sampling, an important part of most network, usually results in the loss of information. Considering the loss of information caused by down-sampling, we design dilated convolutions [11] and a multi-branch feature fusion strategy to alleviate this problem. Considering that most concrete crack datasets only have image-level labels and lack pixel-level labels, we expand the dataset [12] , and create a dataset with semantic information at pixel level through manual labeling.
In general, our contributions are as follows:
(1) Considering the tradeoff between accuracy and computation, we select Resnet-18 as the backbone network. Our experiments on Resnet-18, Resnet-50 and VGG show that Resnet-18 has fewer parameters and requires fewer computing resources.
(2) Dilated convolutions with different dilation rates and multi-branch feature fusion strategy are designed, which further optimizes the feature map extracted by Resnet and makes the model have better performance.
(3) According to the actual application requirements, the concrete crack detection problem is modeled as a semantic segmentation task, which more accurately extracts the crack location and shape. The evaluation indicators of semantic segmentation algorithm are introduced, which reasonably evaluate the performance of crack detection.
(4) We expand the dataset [12] . More specifically, we manually annotated 600 images at pixel level to create pixel semantic dataset. In our experiment, 400 samples are used as training set, the verification set and test set are both 100 samples.
The Proposed Model
Generally, the detection task is to identify the targets and predict their coordinate positions. Concrete cracks have the characteristics of being long and bending, which make it difficult to predict the bounding box of the cracks. In addition, even if the bounding box of the crack is predicted, it usually contains a large amount of background information. Therefore, we transform concrete crack detection into semantics segmentation, that is, to distinguish whether the crack is a crack or not at the pixel level.
As shown in Figure 1 , a binary image is obtained after the input image is processed by CNN. The white part is concrete crack and the black part is non-crack. More details about the model are introduced in Section 3.1. 
Model Description
Inspired by FCN, a classical semantics segmentation algorithm, we propose a full convolution network based on dilated convolution for concrete crack detection, which consists of encoder E and decoder D. As shown in Figure 2 , the encoder consists of residual network and dilated convolutions, while the decoder consists of deconvolutions. The encoder is used to extract feature maps from input images, which is a down-sampling process. After that, the feature extracted by encoder is enlarged by the decoder, and the final output is the probability maps with the same size as the input images. The whole model can be expressed as:
In Equation (1), E θ represents the parameters of the encoding module E, D θ represents the parameters of the decoding module D, M is a probability map with 2 channels, in which the value of each position represents the probability of crack and non-crack.
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The Encoder
The encoder consisted of a residual network and several dilated convolutions as shown in Figure  3 . The blue cube represents the feature maps. If there was no special explanation, the paddings of convolution and pooling were set to 0. As can be seen from Figure 3 , the input image passed through a convolution layer with a convolution kernel k of size 7  7, a stride s of 2 and a padding p of 3, which was followed by BatchNorm, ReLU, and AvgPool. It should be noted that k, s, p of the AvgPool were 3, 2, and 1 respectively. The feature maps F0 obtained at this moment have 64 channels, the height and width of F0 are 1/4 of the input image. F1 with 64 Channels was obtained by extracting features from F0 through 2 residual blocks. It should be noted that F1 was the same size as F0. To obtain F2, F1 was processed by two residual blocks and AvgPool that had a kernel of size 2  2 and 
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In Equation (1), θ E represents the parameters of the encoding module E, θ D represents the parameters of the decoding module D, M is a probability map with 2 channels, in which the value of each position represents the probability of crack and non-crack. 
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The Encoder
The encoder consisted of a residual network and several dilated convolutions as shown in Figure 3 . The blue cube represents the feature maps. If there was no special explanation, the paddings of convolution and pooling were set to 0. As can be seen from Figure 3 , the input image passed through a convolution layer with a convolution kernel k of size 7 × 7, a stride s of 2 and a padding p of 3, which was followed by BatchNorm, ReLU, and AvgPool. It should be noted that k, s, p of the AvgPool were 3, 2, and 1 respectively. The feature maps F0 obtained at this moment have 64 channels, the height and width of F0 are 1/4 of the input image. F1 with 64 Channels was obtained by extracting features from F0 through 2 residual blocks. It should be noted that F1 was the same size as F0. To obtain F2, F1 was processed by two residual blocks and AvgPool that had a kernel of size 2 × 2 and a stride of 2 in turn. Similar operations were performed on F2 to obtain F3. Then F3 was processed by two residual blocks to obtain F4, it should be noted that the process from F3 to F4 did not use AvgPool, which reduced information loss and retained more information. As the final output of the encoder, F5 had a complex manufacturing process, which was composed of the feature maps of the output of five branches: (1) The output was obtained by processing F2 with AvgPool that had a kernel k of size 2 × 2 and a stride s of 2; (2) The output was obtained by processing F4 with a composition layer composed of a BatchNorm, a ReLU, and a convolution that had a kernel k of size 1 × 1 and a stride s of 1. (3) The output was obtained by processing F4 with a composition layer composed of a BatchNorm, a ReLU, and a dilated convolution that had a kernel k of size 3 × 3, a stride s of 1, a padding p of 6, and a dilation rate d of 6. (4) The output was obtained by processing F4 with a composition layer composed of a BatchNorm, a ReLU, and a dilated convolution that had a kernel k of size 3 × 3, a stride s of 1, a padding p of 12, and a dilation rate d of 12. (5) The output was obtained by processing F4 with a composition layer composed of a BatchNorm, a ReLU, and a dilated convolution that had a kernel k of size 3 × 3, a stride s of 1, a padding p of 18, and a dilation rate d of 18. The feature maps obtained from these five branches were concatenated, and then a convolution with kernel k of size 1 × 1 and stride s of 1 was used for fusing the feature maps. After that, the feature maps flowed through BatchNorm and ReLU in turn. The height and width of the fused feature maps F5 are 1/16 of the input image. F5 served as the output of the encoder and the input of the decoder.
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Residual Block
The residual network was proposed in 2015 [10] , which is mainly to solve the problems of difficult training and network degradation in deep networks. The residual network is mainly composed of residual blocks. As shown in Figure 4 , we denoted the expected mapping as () HX. The stacked non-linear layers fit another mapping of
The design of the residual block was based on the assumption that it is easier to optimize the residual mapping than the original, unreferenced mapping. In extreme cases, if an identity mapping is optimal, it was much easier to push the residual to zero than to fit an identity mapping with stacked non-linear layers. 
The residual network was proposed in 2015 [10] , which is mainly to solve the problems of difficult training and network degradation in deep networks. The residual network is mainly composed of residual blocks. As shown in Figure 4 , we denoted the expected mapping as. The stacked non-linear layers fit another mapping of F(X) := H(X) − X. The design of the residual block was based on the assumption that it is easier to optimize the residual mapping than the original, unreferenced mapping. In extreme cases, if an identity mapping is optimal, it was much easier to push the residual to zero than to fit an identity mapping with stacked non-linear layers. In the stacked nonlinear layers, the Rectified Linear Unit (ReLU) [47] was used as an activation function can improve the nonlinear expression capability of the network:
In Equation (2), x represents the feature map in the network. After ReLU mapping, the values greater than 0 in the feature map are retained and the values less than or equal to 0 are set to 0. The visualization of ReLU is shown in Figure 5 . In the process of training, the distribution of data flowing in the network will gradually shift or change, thus slowing down the training process. In order to alleviate this problem, we used BatchNorm [48] technology to force the data back to more standard distribution. On the one hand, the problem of gradient disappearance was avoided. On the other hand, the training speed was greatly increased. The algorithm is described as follows: assume that B = {x1, x2, ..., xn} is a collection with n images, first calculate the expectation B μ of B:
Then calculate the variance In the stacked nonlinear layers, the Rectified Linear Unit (ReLU) [47] was used as an activation function can improve the nonlinear expression capability of the network:
In Equation (2), x represents the feature map in the network. After ReLU mapping, the values greater than 0 in the feature map are retained and the values less than or equal to 0 are set to 0. The visualization of ReLU is shown in Figure 5 . In the stacked nonlinear layers, the Rectified Linear Unit (ReLU) [47] was used as an activation function can improve the nonlinear expression capability of the network:
Then calculate the variance In the process of training, the distribution of data flowing in the network will gradually shift or change, thus slowing down the training process. In order to alleviate this problem, we used BatchNorm [48] technology to force the data back to more standard distribution. On the one hand, the problem of gradient disappearance was avoided. On the other hand, the training speed was greatly increased. The algorithm is described as follows: assume that B = {x 1 , x 2 , ..., x n } is a collection with n images, first calculate the expectation µ B of B:
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Then calculate the variance σ 2 B of B:
Finally, we get the normalized result y i by further processingx i :
In Equation (5), γ and β are the parameters to be learned. A more detailed introduction to BatchNorm can be obtained from the literature [48] .
Dilated Convolution
By increasing the dilation rate to control the receptive field of convolution on the traditional convolution, the dilated convolution [11] was designed, which is essentially the same as the traditional convolution. Different from the traditional convolution, the number of parameters of dilated convolution does not increase with the expansion of receptive field. The dilated convolution is shown in Figure 6 . As can be seen from Figure 6b , the receptive field of the dilated convolution with a kernel k of size 3 × 3 and dilation rate d of 2 is of size 7 × 7, but has only 9 parameters, i.e., parts with red dot, which were actually involved in the calculation. The receptive field was controlled by the dilation rate of the dilated convolution. The dilated convolution degenerated into the traditional convolution when the dilation ratio d was set to 1, as shown in Figure 6a . Generally, to expand the receptive field, most networks usually use down-sampling, which is why pixel information is lost, resulting in errors. Dilated convolution can alleviate this problem. As shown in Figure 3 , we did not perform down-sampling in the process from F3 to F4. We captured the feature maps of various receptive fields from F4 using dilated convolutions with various dilation rates, then obtained feature maps with more semantic information by fusing the feature maps with different receptive fields. 
By increasing the dilation rate to control the receptive field of convolution on the traditional convolution, the dilated convolution [11] was designed, which is essentially the same as the traditional convolution. Different from the traditional convolution, the number of parameters of dilated convolution does not increase with the expansion of receptive field. The dilated convolution is shown in Figure 6 . As can be seen from Figure 6b , the receptive field of the dilated convolution with a kernel k of size 3  3 and dilation rate d of 2 is of size 7  7, but has only 9 parameters, i.e. parts with red dot, which were actually involved in the calculation. The receptive field was controlled by the dilation rate of the dilated convolution. The dilated convolution degenerated into the traditional convolution when the dilation ratio d was set to 1, as shown in Figure 6a . Generally, to expand the receptive field, most networks usually use down-sampling, which is why pixel information is lost, resulting in errors. Dilated convolution can alleviate this problem. As shown in Figure 3 , we did not perform down-sampling in the process from F3 to F4. We captured the feature maps of various receptive fields from F4 using dilated convolutions with various dilation rates, then obtained feature maps with more semantic information by fusing the feature maps with different receptive fields. The light blue part is the receptive field of the convolution, and the red part is the parameter actually used for calculation.
The Decoder
From the description above, it can be known that the feature maps F5 with 512 channels generated by the encoder are 1/16 of the input image. To enlarge the feature maps, we used decoder consist of stacked deconvolutions that are shown in Figure 7 to up-sample F5. For convenience of description, we refer to deconvolution, BatchNorm, and ReLU as an atomic operation, in which the feature maps flow through deconvolution, BatchNorm, and ReLU in turn. For each deconvolution, the convolution kernel k is size of size 3  3, the stride s is 2, the padding p is 1, and the output 
From the description above, it can be known that the feature maps F5 with 512 channels generated by the encoder are 1/16 of the input image. To enlarge the feature maps, we used decoder consist of stacked deconvolutions that are shown in Figure 7 to up-sample F5. For convenience of description, we refer to deconvolution, BatchNorm, and ReLU as an atomic operation, in which the feature maps flow through deconvolution, BatchNorm, and ReLU in turn. For each deconvolution, the convolution kernel k is size of size 3 × 3, the stride s is 2, the padding p is 1, and the output padding op is 1. Each deconvolution layer will double the size of the feature maps and reduce the number of channels by half. As can be seen from Figure 7 , the feature map generated after 4 atomic operations is the same size as the input image. In order to obtain the required probability map M, we use a convolution layer with a convolution kernel k of 1, a stride s of 1 to map the feature maps into a 2-channel feature map, and then the SoftMax function is used to map the pixel category probability. padding op is 1. Each deconvolution layer will double the size of the feature maps and reduce the number of channels by half. As can be seen from Figure 7 , the feature map generated after 4 atomic operations is the same size as the input image. In order to obtain the required probability map M, we use a convolution layer with a convolution kernel k of 1, a stride s of 1 to map the feature maps into a 2-channel feature map, and then the SoftMax function is used to map the pixel category probability. 
Loss Function
In general, the classification tasks use cross entropy loss:
In Equation (7), c is the real category of pixels at the (i, j) position, {0,1} c ∈ . The quantity of neural network's parameter is often too large, which easily leads to over-fitting and limits the generalization ability of the model. In order to alleviate this problem, we regularize the model parameters. The ultimate loss is as follows:
In Equation (8), θ represents the parameter of the model and λ represents the weight decay rate that is set to 1e-5 in our experiment.
Parameter Optimization
Gradient descent is a classical algorithm for parameter optimization of deep convolution neural networks, which is described as follows:
In Equation (9), η represents learning rate. As can be seen Equation (9), the updating of parameter a depends on the loss of the current batch image, which is unstable. To solve this problem, we introduce momentum.
In Equation (10), m represents momentum, and ' v represents velocity. In our experiment, η is set to 0.001, m is set to 0.9. It should be noted that ' v is set to 0 at the beginning of training. Parameter θ of the model is updated according to Equation (10) . From Equations (9) and (10), it can 
Loss Function
In Equation (7), c is the real category of pixels at the (i, j) position, c ∈ {0, 1}. The quantity of neural network's parameter is often too large, which easily leads to over-fitting and limits the generalization ability of the model. In order to alleviate this problem, we regularize the model parameters. The ultimate loss is as follows:
In Equation (8), θ represents the parameter of the model and λ represents the weight decay rate that is set to 1 × 10 −5 in our experiment.
Parameter Optimization
In Equation (10), m represents momentum, and v represents velocity. In our experiment, η is set to 0.001, m is set to 0.9. It should be noted that v is set to 0 at the beginning of training. Parameter θ of the model is updated according to Equation (10) . From Equations (9) and (10), it can be found that the momentum simulates the inertia of moving objects, that is, the current update direction is obtained by fine-tuning the stored gradient through the gradient of the current training data, which can improve the stability of learning and speed up the training.
Training and Testing
In the experiment, the dataset is divided into training set, verification set and test set. First, the model is trained on the training set for 400 epochs. After the training, the model is tested on a test set. It should be mentioned that we use the mini-batch processing technology during the training, that is, in each iteration, we process a batch of samples at the same time, and the final loss is obtained by calculating the average loss of samples. The training and testing process are shown in Figure 8 , and the training process is described as Algorithm 1. be found that the momentum simulates the inertia of moving objects, that is, the current update direction is obtained by fine-tuning the stored gradient through the gradient of the current training data, which can improve the stability of learning and speed up the training.
In the experiment, the dataset is divided into training set, verification set and test set. First, the model is trained on the training set for 400 epochs. After the training, the model is tested on a test set. It should be mentioned that we use the mini-batch processing technology during the training, that is, in each iteration, we process a batch of samples at the same time, and the final loss is obtained by calculating the average loss of samples. The training and testing process are shown in Figure 8 , and the training process is described as Algorithm 1. 
Experiments
Dataset
To evaluate the performance of the model, we used an open source concrete crack classification dataset [12] , in which the images came from various METU campus buildings. The original dataset was divided into two categories, positive samples of cracks and negative samples of cracks. Each category had 20,000 images, with a total of 40,000 images. Each image had 227  227 pixels and 3 channels, namely RGB. Similar to some excellent concrete datasets with only image-level labels [49] , 
Experiments
Dataset
To evaluate the performance of the model, we used an open source concrete crack classification dataset [12] , in which the images came from various METU campus buildings. The original dataset was divided into two categories, positive samples of cracks and negative samples of cracks. Each category had 20,000 images, with a total of 40,000 images. Each image had 227 × 227 pixels and 3 channels, namely RGB. Similar to some excellent concrete datasets with only image-level labels [49] , the original dataset did not have pixel-level semantic labels and could not meet the requirements of segmentation tasks. Therefore, we created a suitable dataset based on the original dataset. The specific steps were as follows: (1) 600 images including cracks were selected from the dataset. (2) The 600 images were manually labeled to obtain pixel-level semantic labels. As shown in Figure 9 , the black part is the background and the white part is the crack. It should be noted that all the semantic labels were marked by 4 students using the tool named "labelme" for about 2 weeks. In order to ensure the accuracy of the labels as much as possible, a more professional person made the final examination. (3) The dataset is divided into three parts: training set, verification set and test set, in which the training set was allocated 400 samples and the verification set and test set were both 100 samples. Some samples of different sets are shown in Figure 9 . We used the training set to train the model and the verification set to observe the performance of the model during the training. The model parameters were saved after completing the training and the performance of the model was evaluated using test set.
Evaluation Indicators
In order to effectively evaluate the performance of the model, we introduced some commonly-used indicators [34] in semantic segmentation as the performance indicators of the model. These indicators included PA (Pixel Accuracy), MPA (Mean Pixel Accuracy), MIoU (Mean Intersection over Union), and FWIoU (Frequency Weighted Intersection over Union). We assumed that there were a total of k + 1 classes, from L0 to Lk, which contained the background. p ij represents the number of pixels that belong to class i but are predicted to be class j. PA is the proportion of correctly marked pixels to total pixels:
MAP is a simple promotion of PA, which calculates the proportion of correctly classified pixels in each class, and then computes the average of all categories:
MIoU, as a standard measure of semantic segmentation, calculates the ratio of intersection and union of two sets, which can be transformed into the sum of positive true number ratio, false negative number ratio and false positive number ratio. IoU is calculated on each category and then averaged:
FWIoU is an improvement on MIoU, which weights the importance of each class according to its frequency of occurrence.
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Experimental Preparation
Experimental Environment
All experiments were implemented on a GPU server. The CPU of the GGP server was Intel(R) Xeon(R) CPU E5-2640 v4, its main frequency was 2.40 GHz, the memory was 128 GB, the graphics card was GeForce GTX 1080Ti, and the display memory was 11 GB. The operating system was Ubuntu 16.04.5 LTS, and the open source framework for deep learning we used was pytorch1.0.1.
Experimental Design
In order to select the backbone network and verify the effectiveness of the algorithm, we designed four models for experiments: (1) The model called FCN-Resnet-18, which removed dilated convolution and feature fusion, and only retained residual network as encoder. As shown in Figure 3 , the feature maps F4 were the output of the encoder. (2) The model called FCN-Resnet-50, which is similar to FCN-Resnet-18. The only difference between FCN-Resnet-50 and FCN-Resnet-18 is that the residual network in FCN-Resnet-50 has more layers. In FCN-Resnet-50, we utilized Resnet-50 as the backbone network, and the specific structure can be seen from [10] . It should be noted that AvgPool was used for down-sampling, which ensured that the down-samplings of Renset-50 were consistent with down-samplings of Resnet-18 we used. (3) The model called FCN-VGG, which is a classical semantic segmentation algorithm and uses VGG16 as an encoder. (4) The proposed model, which combines Resnet-18 and dilated convolutions that have different dilation rates as the encoder. That is to say, the proposed model is an improved version of FCN-Resnet-18. The encoder structure is shown in Figure 3 . It should be further explained that, unlike the proposed model, FCN-Resnet-18 and FCN-Resnet-50 performed down-sampling before outputting the feature maps F4, that is, the feature maps output from the encoder of FCN-Resnet-18 and FCN-Resnet-50 were 1/32 of the input image. Similarly, the feature maps output by the encoder of FCN-VGG were 1/32 of the input image. In order to be able to access the up-sampling module, a deconvolution layer was used to enlarge the feature maps with a size of 1/32 of the input image, so that their size became 1/16 of the input image after the deconvolution layer. It should be noted that the deconvolution layer used includes deconvolution, BatchNorm, and ReLU. The encoder VGG is shown in Figure 10 . The comparison of parameters, layers, and training time of different models is show in Table 1 . It should be noted that the training time in seconds refers to the time required to complete training of 400 epochs. In addition, the number of network layers we counted included convolution layer, average pooling layer, and deconvolution layer. combines Resnet-18 and dilated convolutions that have different dilation rates as the encoder. That is to say, the proposed model is an improved version of FCN-Resnet-18. The encoder structure is shown in Figure 3 . It should be further explained that, unlike the proposed model, FCN-Resnet-18 and FCN-Resnet-50 performed down-sampling before outputting the feature maps F4, that is, the feature maps output from the encoder of FCN-Resnet-18 and FCN-Resnet-50 were 1/32 of the input image. Similarly, the feature maps output by the encoder of FCN-VGG were 1/32 of the input image. In order to be able to access the up-sampling module, a deconvolution layer was used to enlarge the feature maps with a size of 1/32 of the input image, so that their size became 1/16 of the input image after the deconvolution layer. It should be noted that the deconvolution layer used includes deconvolution, BatchNorm, and ReLU. The encoder VGG is shown in Figure 10 . The comparison of parameters, layers, and training time of different models is show in Table 1 . It should be noted that the training time in seconds refers to the time required to complete training of 400 epochs. In addition, the number of network layers we counted included convolution layer, average pooling layer, and deconvolution layer. In our experiment, the parameters that needed to be set manually included learning rate, weight decay rate, batch size, and the epochs of training. As mentioned before, we set the learning rate to 0.001 and the weight decay rate to 1 × 10 −5 . In order to fully train the parameters of the network, we set the epochs of training to 400 and the batch size to 64. It should be noted that the super parameters used in all models are the same to ensure the fairness of the experiment as much as possible.
Results and Analysis
Performance on the training set. According to the indicators shown in Figure 11 , the proposed model performs best. Figure 11a shows the convergence of each model in the training phase. It can be found that compared with other models, the loss of the proposed model can be reduced very low after a small number of epochs. This shows that, on the one hand, the proposed model has stronger fitting ability, on the other hand, the proposed model can generate more efficient gradient information. From the change of PA shown in Figure 11b , it can be found that the PA of the proposed model rises fastest, which also shows that the proposed model has stronger fitting ability. As can be seen from Figure 11c , the MIoU of FCN-Resnet-50 is the worst, and other models are almost the same at the 400th epoch. It should also be pointed out that the proposed model achieves a higher MIoU at a faster speed. The same situation also occurs in Figure 11d . As can be seen from Figure 11 , all models can fit the training dataset, that is, as the training progresses, each model can learn something from the dataset. This shows that it is feasible to model concrete crack detection as a semantic segmentation of cracks. Compared with other models, the proposed model has a faster learning speed. We speculate that the design of multiple branches makes the model accept more gradient information, thus speeding up the fitting speed. Although FCN-Resnet-50 has more layers, its performance is relatively poor, which shows that deeper networks are not necessarily better than shallow networks. We suspect that the degradation of FCN-Resnet-50 may be the cause. The proposed model is improved on the basis of FCN-Resnet-18, and its performance is better than FCN-Resnet-18, which proves that the dilated convolutions with different dilation rates and the multi-branch fusion strategy are effective.
Performance on Validation Set
Compared with the performance on the training set, the performance on the verification set can better reflect the generalization ability of the model. According to the indexes of Figure 12 , the proposed model performed better on the verification set. As shown in Figure 12a , the loss of the proposed model on the verification set decreased fastest. After training of 400 epochs, the loss of the proposed model was the lowest, followed by FCN-VGG. The final losses of FCN-Resnet-18 and FCN-Resnet-50 were the same. In the training process, the losses of FCN-Resnet-18 and FCN-Resnet-50 had great fluctuations. Although Figure 11a reports that all models had similar losses, it can be seen from Figure 12a that the generalization ability of FCN-Resnet-18 and FCN-Resnet-50 is deficient. As shown in Figure 12b , the PA of FCN-Resnet-18 and FCN-Resnet-50 had obvious fluctuations. After training of 400 epochs, the PA of FCN-Resnet-18, FCN-Resnet-50 and FCN-VGG were similar, but there was still a gap with the proposed model. From the situation shown in Figure 12c , the performance difference of each model was more obvious. The best was the proposed model, followed by FCN-VGG, then FCN-Resnet-18, and finally FCN-Resnet-50. On the verification set, both the proposed model and FCN-VGG were relatively stable, while the proposed model could achieve better MIoU. The same situation also occurred in FWIoU, as shown in Figure 12d . By comparing Figure 12 with Figure 11 , it is obvious that the generalization ability of the proposed model is the best, which proves the effectiveness of dilated convolutions with different dilation rates and the multi-branch fusion strategy.
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Performance on Test Sets
In order to further verify the performance of the model, all models are tested on the test set. The compared model parameters are all obtained through the training of 400 epochs on the training set. The test results are shown in Table 2 . As can be seen from 
In order to further verify the performance of the model, all models are tested on the test set. The compared model parameters are all obtained through the training of 400 epochs on the training set. The test results are shown in Table 2 . As can be seen from Table 1 , although FCN-Resnet-50 has more layers than FCN-Resnet-18, FCN-Resnet-18 was more competitive than FCN-Resnet-50. Compared with FCN-VGG, the performance of FCN-Resnet-18 was slightly worse. By designing dilated convolutions with different dilation rates and a multi-branch fusion strategy to improve FCN-Resnet-18, the proposed model had better performance. Compared with FCN-Resnet-18, all Indicators were improved, especially MIoU. More importantly, the performance of the improved model exceeded that of FCN-VGG, which proves the effectiveness of the dilated convolutions with different dilation rates and multi-branch feature fusion strategy. 
Effect Shown
As shown in Figure 13 , the segmentation results of each model. The pixels surrounded by the green curve are manually marked pixels belonging to cracks. The red part is the pixel inferred by the model as belonging to the crack. It should be noted that the segmentation result of the model is a binary image, that is, the pixels not belonging to cracks are marked as 0 and the pixels belonging to cracks are marked as 1. In order to obtain the display effect as shown in the figure, we used the segmented binary image as a mask. Corresponding to the position of 1 in the mask, the R channel of the original image is set to 255, while the G channel and B channel are both set to 0. As can be seen from Figure 13 , the segmentation result of the proposed model was the best. As shown in Figure 13a , for cracks with large area, several models can segment cracks well. It should be pointed out that the segmentation result of the proposed model was closer to that of manual annotation. In addition, it can be seen in Figure 13a that FCN-VGG, FCN-Resnet-18 and FCN-Resnet-50 did not segment cracks with small area well, especially FCN-VGG. The same situation also occurs in Figure 13b ,d. The reason is that excessive down-sampling leads to loss of details, thus the original semantic information cannot be decoded. Compared with other models, the proposed model has one less down-sampling operation, then the dilated convolutions with different dilation rates and a multi-branch fusion strategy were designed so that the receptive field was expanded while the detail information was preserved, which alleviated the problem of detail loss to some extent. As shown in Figure 13b , for the proposed model, some fine cracks could also be segmented. It should be pointed out that the proposed model also had incomplete segmentation of fine cracks, as shown in Figure 13d , which also shows that the proposed model had the problem of missing details, but it was not as serious as other models. As shown in Figure 13c , for scenes with relatively complex backgrounds, each model had the problem of wrong segmentation. The reason is that our dataset is relatively simple and lacks training samples under complex background, thus causing erroneous segmentation.
proposed model, some fine cracks could also be segmented. It should be pointed out that the proposed model also had incomplete segmentation of fine cracks, as shown in Figure13d, which also shows that the proposed model had the problem of missing details, but it was not as serious as other models. As shown in Figure 13c , for scenes with relatively complex backgrounds, each model had the problem of wrong segmentation. The reason is that our dataset is relatively simple and lacks training samples under complex background, thus causing erroneous segmentation. 
Conclusions
The detection of concrete cracks has extremely important practical application value, which can greatly reduce human and material resources. In order to accurately obtain the location and shape of concrete cracks, we modeled crack detection as a semantic segmentation task. Considering the loss of details caused by down-sampling in the traditional concrete crack segmentation algorithm based on FCN, we designed dilated convolutions with different dilation rates and a multi-branch fusion strategy. Because Resnet-18 has fewer parameters and requires fewer computing resources, we used Resnet-18 as the basic network. After removing the last down-sampling of Resnet-18, we introduced dilated convolution with different dilation rates, and then fused the features of different branches. Experiments showed that the design of dilated convolution with different dilation rates and the multi-branch feature fusion strategy can alleviate the problem of detail loss to some extent. From the experimental results of FCN-Resnet-18 and FCN-Resnet-50, the segmentation performance did not improve with the increase of network layers. Because the dataset is relatively simple and lacks semantic label samples with complex backgrounds, the proposed model suffers from erroneous segmentation when dealing with images with complex backgrounds. In addition, our model still has a lot of room for improvement for details loss. Our future work will explore the construction of a complex dataset with pixel semantic labels. 
